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The SuccessNavigator ® assessment (SN) is an assessment used by institutions of higher education to measure student psychosocial characteristics across four broad domains: academic skills, commitment, self-management, and social support (Markle, Olivera-Aguilar, Jackson, Noeth, & Robbins, 2013) . These domains each contain two or three specific subskills. Most institutions ask students to complete SN either upon enrollment or early in their first semester of college (i.e., at the outset of their college careers).
The assessment is most often used at the student level in the context of academic advising. A typical administration sees students complete SN when first enrolling in college. This assessment aids their advisors and other related staff along two primary lines. The first is initial academic course placement, where SN scale scores and predictive indices provide advisors with a more holistic picture of a student's likelihood of success than would be garnered from looking only at prior academic achievement or standardized placement tests (for detail, see Markle et al., 2013; Rikoon, Liebtag, Olivera-Aguilar, Robbins, & Jackson, 2014) . The second primary student-level use of SN is to aid in determining students' self-perceived psychosocial strengths as well as areas in which they may benefit from further development. This information is used by counselors and advisors in their work to match students with the right blend of academic or cocurricular supports-the goal being to facilitate the highest possible likelihood of students succeeding in their education and future career. At the institutional level, colleges and universities might use aggregated SN response data to inform institutional research efforts and resource allocation. For example, staff members at a college may notice their current incoming class exhibiting a substantially lower level of academic skills than previous cohorts, leading to a decision to increase the availability of (or alter the material delivered in) a first-year experience course.
Each of the above cross-sectional uses of SN represents important applications of the assessment in line with its original design. Those uses aside, however, institutional or academic researchers may also be interested in evaluating whether students' psychosocial attributes change over time. The natural development and malleability of such characteristics has been an area of increasing concern in the field (Brunello & Schlotter, 2011; Kautz, Heckman, Diris, ter Weel, & Borghans, 2014; Roberts, Walton, & Viechtbauer, 2006; Yeager & Walton, 2011) . Given the multifaceted nature of SN, institutions already making use of the tool to support their initial interactions with students might also consider administering it at multiple time points to the same cohort in an effort to examine any observable shifts in overall student (or subgroup) self-perceptions as they proceed through postsecondary education. SN could also be implemented longitudinally within an evaluation study to examine the impact of a given intervention on students' noncognitive skills.
Foundational to the longitudinal interpretation of any assessment score data is the stability of its psychometric properties over time. This consistency ensures to the extent possible that each latent construct of interest relates to its constituent observed assessment items in the same way at each measurement point. If this is true, the instrument can be said to exhibit longitudinal measurement invariance (Millsap & Cham, 2012; Widaman, Ferrer, & Conger, 2010) , and any observed mean level change in scores can be interpreted as change in the mean level of their respective latent variables. If the instrument exhibits longitudinal noninvariance, however, observed score changes may reflect shifts in the nature or interpretation of the latent construct itself over time (as opposed to mean level shifts in the same construct). The remainder of this report details a longitudinal invariance study of the 10 subskills composing SN. Sufficient evidence for invariance in each measure (the conditions for which are detailed below) will be taken as support for interpreting changes in its observed scores over time.
Method Sample
Participants in this study were first-year undergraduate students at a large US research university (total first-year enrollment = 4,355). With the exception of the subgroup of first-generation students already engaged in another research project (n = 743), the remainder of the institution's entire first-year cohort (n = 3,612) was recruited via e-mail by university staff shortly after the start of the Fall 2016 semester (Time 1). Students elected to consent to the study, which entailed completing SN three times during the 2016-2017 academic year. Subsequent to Time 1, SN was administered to the same sample of students using similar recruitment procedures two additional times at the start (Time 2) and end (Time 3) of the Spring 2017 semester (January and May 2017, respectively). Each time students successfully completed SN, they were incentivized with a $10 gift card. Students could thus earn a maximum of $30 for complete participation in the study.
At the end of the study, 849 SN assessments had been administered across the three time points. Forty-eight of these were removed from consideration due to missing data (in all 48 cases, students were missing over 25% of the assessment). A further four assessment observations were dropped from the study for exhibiting either rapid (completing SN in under 5 minutes) or invariant (selecting the same response for all items) response behavior. Finally, 63 additional observations were discarded for being duplicate observations, in which a student attempted to complete SN twice during the same assessment time point. In such cases, we retained the earlier attempt. The above exclusions left 734 usable assessment observations for our longitudinal invariance analysis. These 734 observations were collected from a sample of 407 unique students. Of these students, 199, 89, and 119 completed SN once, twice, and three times, respectively. Because students were recruited at each assessment time point, it was not necessarily the case that all students completing SN only one time did so at the first time point. The total number of observations at Times 1, 2, and 3 was 313, 182, and 239, respectively.
Of the 407 students retained in this study, 59% were male. Approximately 75% of the sample (n = 307) reported race/ethnicity data. Of those, 65% identified as White, with most remaining students identifying as Asian (15%), Black (9%), or Hispanic (6%). These students averaged 19 years of age (range 18-36) at the start of the study.
Instrumentation
Two or three specific subskills (10 total) are targeted and scored within each of the four broad SN domains. Two subskills, meeting class expectations and organization, make up the academic skills domain. The general commitment domain specifically addresses commitment to college goals and institutional commitment. Self-management deals with three subskills, sensitivity to stress, test anxiety, and academic self-efficacy. Finally, the social support domain is made up of institutional support, barriers to success, and connectedness. Table 1 provides definitions of each of the above constructs, with interested readers encouraged to refer to Markle et al. (2013) for a detailed discussion of the importance of each to academic success in higher education. Each subskill score in SN reflects student responses to between seven and 11 Likert-type items (e.g., finishing this school year is important to me, getting a degree would be useful to me), all of which carry the same 6-point response scale, ranging from strongly disagree to strongly agree. 
Statistical Analyses
Reliability statistics for each subskill at each time point were estimated via Cronbach's alpha (α). The original confirmatory factor analysis (CFA) models providing support for SN's measurement structure were reported in Markle et al. (2013) . These were a series of unidimensional models-one for each SN subskill. In the current study, we used these original models as the basis for building longitudinal factor models inclusive of data from all three assessment points. Longitudinal models specified one latent variable at each time point representing the subskill of interest. As shown in Figure 1 depicting a generic longitudinal CFA model, uniqueness terms for the same items administered at different time points were permitted to correlate with one another. Any additional correlated uniqueness terms estimated in the original SN models (e.g., to account for similar wording; Markle et al., 2013) were carried over to our longitudinal specification as well and specified at each time point. To correct for nonnormality in Likert-type item response distributions, all models were estimated using robust maximum likelihood as implemented in Mplus 8.0 (Muthén & Muthén, 2017) . Following Millsap and Cham (2012) , longitudinal measurement invariance analyses involve estimating an initial model carrying only identification constraints. This baseline model is then modified in stages via the addition of a series of constraints holding different sets of parameters constant over time. In this study, invariance models were specified in three stages. The first stage used a configural invariance model in which the same pattern of relationships between latent variables and observed indicators was specified at each time point. Except for fixing the factor loading (to equal 1) and intercept (to equal 0) of one observed indicator repeated at each time point to identify the scale of the latent variable for each measurement occasion, all loadings and intercepts were freely estimated in this model. The configural model thus specified the same measurement structure for a given subskill at each time point but allowed relationships between latent variables and their observed indicators to vary freely over time.
Global model fit for all longitudinal configural CFA models was evaluated via the comparative fit index (CFI) and root mean squared error of approximation (RMSEA). Models were judged to fit the data adequately when RMSEA (and its upper confidence limit) was below .08 and CFI was above .90. Good fit was indicated by RMSEA values below .05 and CFI values greater than .95 (Browne & Cudeck, 1993; West, Taylor, & Wu, 2012) . Because the addition of constraints in later stages of invariance testing naturally detriments model fit, no further invariance tests were conducted in cases in which the configural model failed to show adequate fit to the data.
The second stage in testing was to estimate a model for each subskill specifying metric longitudinal measurement invariance. In the metric model, factor loadings for each respective observed indicator were constrained to equality across all three time points. The fit of the metric model was compared to that of the configural model using a standard chi-square difference test adjusted for scaling correction factors generated by robust maximum likelihood estimation (Muthén & Muthén, 2017) . Subskills were taken to demonstrate metric invariance when the metric model did not exhibit significantly diminished fit versus the configural model, indicated by p ≥ .05 for the test of change between the two models in −2 multiplied by their log likelihood values (−2LL, distributed as χ 2 ). Metric invariance is a necessary but not sufficient condition for interpreting longitudinal score differences because mean level change in observed scores may be driven by shifts in both item loading and intercept parameters over time (Millsap & Cham, 2012) .
The third and final stage of longitudinal invariance testing in this study saw the addition of constraints on item intercept parameters over time (the scalar invariance model). Subskills were taken to demonstrate scalar invariance when the scalar model did not exhibit significantly diminished fit versus the metric model. Interpretations of changes in observed subskill scores were considered justified when models demonstrated scalar invariance and maintained adequate model fit.
In cases in which full metric or scalar invariance did not hold, modification indices were examined to determine which loading or intercept constraint, respectively, appeared to be the largest contributor to the observed decrease in model fit versus the metric invariance model. This constraint was freed, with the remaining set of constraints tested again to determine whether the resulting partial invariance model fit the data as well as the preceding less constrained model. If so, this partial invariance model was accepted. In the case of partial scalar invariance models, the interpretation of mean changes over time was driven by the subset of invariant items (Reise, Widaman, & Pugh, 1993) . If the initial partial invariance model failed to fit the data as well as the preceding less constrained model, the above process was repeated to free one additional constraint, with iterative model tests conducted versus the preceding model until no statistically significant difference remained. Following Vandenberg and Lance (2000) , partial metric or scalar invariance models were only accepted when a majority (>50%) of items demonstrated invariance in the targeted parameters.
For models in which partial scalar invariance was accepted, Wald tests were estimated to test the equality of latent mean values across each pair of time points (implemented in Mplus using constraints on model parameters). We also calculated effect sizes analogous to Cohen's d to provide a standardized measure of latent mean differences, using the sample size at each time point as well as latent mean and variance statistics (taking the square root of the latter). Table 2 presents reliability statistics for all 10 SN subskills across the three measurement occasions. All subskills exhibited adequate reliability at each time point, with values of α all >.80. Each subskill's reliability was also consistent over time, with α estimates shifting ≤.05 in value between Fall 2016 and Spring 2017 (in 6 of the 10 subskills, these estimates shifted ≤.02). Table 3 presents longitudinal CFA model fit and invariance model comparison statistics for each series of models estimated across the 10 SN subskills. In two cases (Commitment to College Goals and Barriers to Success), the configural model did not evidence adequate fit to the data, so no constraints were applied to test for metric or scalar invariance. Modification indices were reviewed for these two models to determine major sources of model misfit. In the case of Barriers to Success, the review was not helpful, as it suggested we should have permitted correlated uniqueness terms among nonidentical items across assessment waves (i.e., modification incongruous with the model's basic conceptualization). More helpful were results associated with Commitment to College Goals. These indicated both significant unexplained residual correlations between the same pair of items (both related to the value of earning a college degree) at each time point and two additional unexplained residual correlations for the same item (likelihood of completing the current semester) paired with two different items at different time points (Time 1 and 3) . At Time 1, the suggested relationship for the above item was with another on the distal goal of a college degree facilitating improved career opportunities, whereas at Time 3 the suggested relationship was with a more proximally focused item related to the student's perceived importance of finishing the current school year.
Results
Of the eight remaining subskills, all demonstrated full metric invariance with five (Academic Self-Efficacy, Connectedness, Institutional Commitment, Institutional Support, and Organization) also exhibiting full scalar invariance, as indicated by nonsignificant chi-square difference tests between the scalar and metric models in which no item intercept parameters were freed in the scalar model.
The remaining three subskills all demonstrated adequate levels of partial scalar invariance (i.e., a majority of constituent items exhibiting scalar invariance) with one, two, and three intercept parameters freed to achieve nonsignificant comparisons with the metric invariance model for Test Anxiety, Sensitivity to Stress, and Meeting Class Expectations, respectively. For the same respective subskills, this represented freeing one intercept parameter at one time point for 11%, 20%, and 30% of the constituent items. Important to note is that, because no model freed both intercept constraints required for a given item to be invariant across all three time points (e.g., τ 1 = τ 2 and τ 2 = τ 3 ), items with one intercept freed still demonstrated scalar invariance across the remaining two time points. Another way to interpret these results is that only 4%, 7%, and 10% of all intercept parameters were freed in the scalar invariance models for Test Anxiety, Sensitivity to Stress, and Meeting Class Expectations, respectively.
Wald tests of latent mean values across each pair of time points (i.e., Time 1 vs. Time 2, Time 2 vs. Time 3, Time 1 vs. Time 3) provided a statistical indication of whether latent mean values exhibited change over time, with effect sizes reviewed as well for a standardized measure of the magnitude of such latent mean differences over time. Table 4 Note. LL = log likelihood; param. = parameters; CFI = comparative fit index; RMSEA = root mean squared error of approximation; L90 = lower 90% confidence interval; U90 = upper 90% confidence interval; DF = degrees of freedom; Constr. = constraints.
Expectations declined by d = −.18 in the same time period. Both subskills exhibited nearly identical effect size differences, respectively, between T1 and T3 as they did between T2 and T3. This is indicated by the consistency of each factor's mean values across the first two waves (given similar variance estimates across time as well). Finally, although not statistically significant, connectedness was unique among SN subskills for its increase over time (d = .12 between T1 and T3).
Discussion
The primary finding from this study is that eight of 10 SN subskills demonstrated sufficient partial (or full) scalar longitudinal measurement invariance. That is, the factor structure and relevant psychometric properties (i.e., loadings and intercepts) of the set of items comprising each scale functioned similarly over time, supporting the analysis and comparison of longitudinal mean level changes in SN subskills within this sample of traditional first-year undergraduate students. Four of the eight longitudinally invariant factors (Institutional Support, Organization, Sensitivity to Stress, Test Anxiety) exhibited little to no change from the beginning to the end of students' first year in college, whereas students declined significantly in their reported levels of three others (Academic Self-Efficacy, Meeting Class Expectations, and Institutional Commitment). Connectedness was the only area to see an increase over time, and the remaining two subskills (Commitment to College Goals, Barriers to Success) should not be interpreted longitudinally based on these results. One area for future research is to collect additional data to determine whether Commitment to College Goals and Barriers to Success demonstrate longitudinal invariance in other contexts.
Although the observational nature of this study does not support developing firm explanations for the patterns observed above, several hypotheses are plausible and worthy of future examination. For example, declines in Academic Self-Efficacy and Meeting Class Expectations may be attributable in part to students' frame of reference shifting over time (i.e., reference bias; Duckworth & Yeager, 2015) . Given the focus of these two subskills on students rating their own ability to perform academically in general and meet specific requirements of college-level coursework, responses to their constituent items may be particularly susceptible to changes in students' frame of reference between high school and college. Rephrased, declines observed over the course of this study may be less reflective of actual shifts in levels of student attributes than artifacts of students rating themselves relative to their high school peers at T1 and their collegiate peers at T3.
Another issue relevant to the longitudinal measurement invariance of SN is the extent to which students experienced their first year of college as an intervention carrying meaningful effects on their academic attitudes and behaviors (Kuh, Cruce, Shoup, Kinzie, & Gonyea, 2008; Pascarella & Terenzini, 2005) . Recall the two SN subskills for which the foundational configural models failed to exhibit acceptable fit to our longitudinal data: Commitment to College Goals (i.e., items targeting students' perceived value of and determination to complete a college degree) and Barriers to Success (i.e., items targeting structural challenges students may face preventing their pursuit of academic success). Lack of fit in these models was an indication of structural differences in the composition of each respective factor over time, so there was no basis for proceeding to tests of measurement invariance. Because the items administered were identical at each time point, these results spoke to shifts in the meaning of the constructs themselves as students progressed through their first year of college.
Considering the increased autonomy, responsibility, and independent engagement required of traditional first-year college students versus those still in high school, one might expect direct effects of college on configural noninvariance resulting from shifts in students' perceptions of their commitment to educational goals and structural barriers to success. Specifically regarding the Commitment to College goals Factor, our review of modification indices suggested shifts over the course of the academic year in the sample's conceptualization of the value and benefits of obtaining a college degree. Specific relationships unexplained by this factor were also observed between a student's likelihood of completing the current semester and both their perceived postcollege career opportunities (Time 1) and the importance of finishing the current school year (Time 3). One possibility raised by these findings is that elements of their experience during the first year of college may have shifted the balance of intrinsic versus extrinsic influences on students' goal orientation or achievement motivation (e.g., Harackiewicz, Barron, Tauer, & Elliot, 2002) . These issues of configural noninvariance in general and (specific to this study) whether the differences described above resulted from students having been exposed to a particular college environment are important areas for future experimental or quasiexperimental research. That is, findings of noninvariance (and its implications for the interpretation of assessment results) may be a natural or intended consequence of interventions aligned with constructs targeted by a given study's instrumentation (Olivera-Aguilar, Rikoon, Gonzales, Kisbu-Sakarya, & MacKinnon, 2017) .
Although our results are promising, their interpretation is limited by several aspects of the study. Our sample was relatively small given the complexity of our estimated longitudinal CFA models, raising the possibility that findings of invariance were due in part to a lack of statistical power to detect small or moderate amounts of noninvariance in item parameters over time. This study was also limited to traditional students attending a single 4-year undergraduate institution. Although its sample was demographically diverse, SN should be administered longitudinally and our analyses and results replicated across different institutional contexts and samples (e.g., 2-year colleges, nontraditional students) to confirm the appropriateness of interpreting longitudinal changes in SN scores in those populations.
Studies of measurement invariance provide evidence to support (or discourage) the interpretation of assessment results across subgroups or over time (Millsap, 2012; Reise et al., 1993) . In this study, we have demonstrated longitudinal invariance in eight of the 10 reported SN subskills in a sample of first-year undergraduate students. Although the current results should inform colleges and researchers alike with an interest in applying SN longitudinally with undergraduate students, additional research is needed to replicate these findings and expand their scope to different institutional contexts. Further studies should also investigate the extent to which noninvariance may reflect expected intervention effects (as opposed to undesirable differential item functioning).
